Exposure to ambient (outdoor-generated) fine particulate matter (PM 2.5 ) occurs predominantly indoors. The variable efficiency with which ambient PM 2.5 penetrates and persists indoors is a source of exposure error in air pollution epidemiology and could contribute to observed temporal and spatial heterogeneity in health effect estimates. We used a mass balance approach to model F for several scenarios across which heterogeneity in effect estimates has been observed: with geographic location of residence, residential roadway proximity, socioeconomic status, and central air-conditioning use. We found F is higher in close proximity to primary combustion sources (e.g. proximity to traffic) and for lower income homes. F is lower when PM 2.5 is enriched in nitrate and with central air-conditioning use. As a result, exposure error resulting from variability in F will be greatest when these factors have high temporal and/or spatial variability. The circumstances for which F is lower in our calculations correspond to circumstances for which lower effect estimates have been observed in epidemiological studies and higher F values correspond to higher effect estimates. Our results suggest that variability in exposure misclassification resulting from variability in F is a possible contributor to heterogeneity in PM-mediated health effect estimates.
INTRODUCTION
Multiple epidemiological studies have reported a spatial and temporal heterogeneity in PM-mediated health effect estimates. Notably, larger effects have been observed for the eastern United States compared with the western United States. 1--4 Several studies report larger risks of adverse health outcomes when PM 2.5 is enriched in primary combustion tracers 4--7 and with ''proximity to roadway'' (e.g., refs 8--11) . Low socioeconomic status has also been identified as a predictor of susceptibility to PMrelated health effects. 12 Various factors have been explored to explain this variability. Bell et al. 5 concluded that as much as 37% of spatial and seasonal heterogeneity in relative risk of cardiovascular hospital admissions could be explained by variability in exposure to specific PM 2.5 species. Sacks et al. 12 identified disparities in access to health care as one possible contributor to variability in effect estimates by socioeconomic status. Here, we explore whether variability in the fraction of ambient PM 2.5 that penetrates into and persists in the home is also a possible contributor to observed heterogeneity in fine-PM-mediated health effect estimates.
Central site PM 2.5 is commonly used as a surrogate for exposure to ambient (outdoor-generated) PM 2.5 in epidemiology. However, people spend the majority of their time indoors (85--90%), and most of that time in their homes. 13 As a result, exposure to ambient PM 2.5 mostly occurs in the indoor environment and, specifically, within the residence. Importantly, the fraction of ambient PM 2.5 that penetrates and persists indoors (F) varies temporally 14 and spatially, 15 and is different for different components of the PM 2.5 mixture. 16 Exposure metrics that rely on central site concentrations do not account for this variability, nor do they account for changes in PM 2.5 properties (i.e., composition and size distribution) that result from outdoor-toindoor transport. 15 Variability in F has been identified as a potential source of non-Berksonian exposure error that could lead to a downward bias and underestimation of effects derived from epidemiological analyses 17--19 when central-site PM 2.5 is used as an estimate of ambient PM 2.5 exposure. Several studies are underway which will apply refined exposure surrogates that account for the effects of indoor transport to health studies. This paper articulates the motivation for those studies.
There is evidence that F can influence health effect estimates in epidemiological studies. Several studies show a reduced risk of mortality or morbidity associated with PM when the prevalence of air conditioning (AC) is higher.
2,20-- 22 Bell et al. 22 reported a 43% decrease in risk of cardiovascular hospitalization associated with each 10 mg/m 3 increase in PM 2.5 for every additional 20% of households with central AC. Central AC prevalence explained 17% of between-community variability in PM 2.5 effect estimates. The use of AC increases particle losses indoors and, therefore, decreases F and exposure to ambient PM 2.5 . 23, 24 Further, homes with AC in use are more likely to have their windows closed and, therefore, have lower air exchange rates (AER) and F compared with homes with open windows. 25 Certainly, the use of AC varies seasonally and geographically, leading to heterogeneity in F across regions of the United States and across seasons.
There are additional factors besides AC that have a dramatic impact on F. F depends on the rate at which air within the building is exchanged with outdoor air (AER), the efficiency of particle penetration across the building envelope (P j ), depositional losses in indoor air, and, for semivolatile species, losses or gains due to phase changes. These parameters vary temporally and spatially with factors such as meteorological conditions, building characteristics, human activities, and PM 2.5 source mix. 26, 27 In this paper, we explore whether variability in F could contribute to the observed heterogeneity in effect estimates with geographical location of residence, residential proximity to roadways, air-conditioning use, and socioeconomic status. We hypothesize that regions and circumstances for which lower effect estimates have been observed in epidemiological studies (i.e., with AC use and residence in the western United States) have lower F values, and that regions and circumstances with higher effect estimates (i.e., residence in the eastern United States, close proximity to roadways, and low socioeconomic status) have higher F values. Although other factors undoubtedly also contribute to differences in effect estimates, we note that when F is lower, the non-differential exposure misclassification that results when central-site PM 2.5 concentrations are used to estimate exposure is greater, resulting in larger bias toward the null and underestimation of effects.
METHODS
To identify situations for which variations in F may contribute substantially to exposure error, we used a mass balance approach to model F under a variety of scenarios related to the conditions under which heterogeneity in effect estimates has been observed (i.e., with geographical location of residence, residential roadway proximity, socioeconomic status, and airconditioning use). Specifically, we modeled F for two homes, a ''typical'' home and a low-income home, under a variety of conditions: location in the eastern United States and the western United States, in close proximity and further from a roadway, and with and without central AC in use.
For non-volatile species, our mass balance model describes the concentration of PM 2.5 species j in indoor air (C in,j ) as a function of its outdoor concentration (C out, j ), residential AER, the P j , and the rate of indoor loss by deposition (k dep, j ):
For nitrate, which is semivolatile and can undergo phase changes, the model includes the rate of indoor loss by evaporation (k evap;NO
In the calculations below, we used the steady state solution to Eqs. (1a) and (1b) to solve for C in,j :
Summing C in,j over all major particle species provides the indoor concentration of ambient PM 2.5 , as no indoor sources are included in the model. Without indoor sources, F is the ratio of the PM 2.5 concentration indoors to outdoors:
A version of the model used in this analysis has been previously validated with real-time particle species and AER measurements made inside and outside of an unoccupied (closed) house in California. 28, 29 Calculated indoor concentrations captured well the attenuation of the outdoor concentrations and were highly correlated with indoor measurements (R 2 ¼ 0.8--0.93; 29 ). Using this mass balance model, we predicted the indoor concentrations and composition of ambient PM 2.5 for several scenarios representative of conditions for which variability in effect estimates has been observed. First, we varied PM 2.5 composition and size distribution in our calculations of F to capture variability across geographical location in the United States and with roadway proximity. For this analysis, we consider the major contributors to PM 2.5 mass: sulfate, nitrate, elemental carbon (EC), organic carbon (OC), and soil, and we use residential outdoor composition measurements from the Relationships of Indoor, Outdoor, and Personal Air (RIOPA) study 30 and species-specific size distributions from an aerosol mass spectrometer (AMS; 31, 32 ). Certainly, disparities in health effects could result from differences in concentrations of other PM 2.5 species (e.g., metals), but these species comprise a very small fraction of total fine particle mass and will not affect F in a measureable way. The RIOPA OC measurements 30 are artifact corrected and were converted to organic matter (OM) using a factor of 1.4. It should be noted that in the RIOPA study, all major fine particle species were measured, with the exception of nitrate and water. For our calculations, we assumed that nitrate completes the species mass balance, providing an upper bound estimate for nitrate. PM 2.5 composition for each scenario is shown in Figure 1 . Scenario a represents a typical northeastern United States PM 2.5 composition; it is the mean composition measured outside Elizabeth, New Jersey homes during the RIOPA study. 30 Scenario b represents a high PM 2.5 episode in the southwestern United States; it is enriched in nitrate. Scenario b has the mean composition of the top 25th percentile PM 2.5 mass concentration days from the Los Angeles county RIOPA measurements. 30 Scenario c, which represents a northeastern US near-roadway scenario, is enriched in OC and EC based on the near-roadway measurements of Lena et al. 33 Particle composition is taken into account in our calculations of F through the use of species-specific deposition loss rates and by accounting for the semivolatile nature of nitrate. The value for k evap;NO À 3 is from the work of Lunden et al. 34 and Hering et al., 29 and involves the temperature-dependent equilibrium constant for ammonium nitrate dissociation (see details in Supplemental Information). Other PM components, including organic PM, were treated as non-volatile. Size-resolved k dep values were fit based on species-resolved size distributions as described below. Thus, changes in PM 2.5 composition result in changes in k dep and changes in F.
Because particle size distributions are driven by formation mechanisms, ambient species-specific size distributions are less variable than size distributions for total particle mass (see Figures 1 and 2 in the Supplemental Information). Therefore, we assigned a k dep value for each of the major PM 2.5 species based on species-resolved size distributions measured with the aerodyne AMS, which measures vacuum aerodynamic diameter. 35 For the northeastern US composition scenarios, we used species-specific size distributions measured in Queens, New York in August 2001. 31 We used species-specific size distributions measured in Fresno, California in January 2010 32 to represent the southwestern United States.
We examined hourly, campaign-averaged species-resolved size distributions (Supplemental Information) to determine the number and frequency of modes, the mass median diameter (MMD) and geometric SD of each mode, and the fraction of total mass in each mode when distributions were bimodal. The most frequently observed distribution was chosen as representative of each species ( Figure 2 ). For all composition scenarios, we assumed a MMD of 2.0 mm for soil. We also assumed that the smaller diameter mode observed for OC in New York was representative of EC (the AMS does not measure EC). For scenario c, the near-roadway scenario, both EC and OC were assumed to be entirely in the smaller diameter mode, as is likely for fresh, primary PM 2.5 .
Values of k dep for the MMD of each species were assigned using the deposition curve presented in Riley et al., 26 which combines a physical particle deposition model with empirically determined k dep values from several sampling studies. Results are summarized in Table 1 . For all calculations and species, we assumed a constant P j value of 0.8, the median of the range of measured P values reported in the literature for particles in the size range examined here (P ¼ 0.6--1.0). 36 For the northeastern US mean composition scenario, we also considered the effects of central AC on F (scenario d). As noted above, AC increases particle losses indoors by filtering recirculated air. To account for this, a species-specific filter penetration efficiency term (P filter ) was added to the model based on the particle-size-resolved filter efficiency curve presented in Riley et al. 26 for residential buildings, using the same MMDs as were used to assign k dep values. Values of P filter for each species are given in Table 1 .
For each scenario described above, we calculated F for two AERs. We used AERs from the literature to represent typical US homes and lowincome residences, respectively, in order to illustrate how F varies with the socioeconomic status of the residents. The median measured AER from an aggregation of AER measurement studies that spanned all climatic regions of the United States was used to represent typical US housing stock (0.45 h À1 ). 37 The geometric mean of AERs measured in 255 low-income homes (0.90 h À1 ) 37 was used to represent low-income residences. AER also varies within homes with meteorological conditions, season, and human activity patterns (e.g., opening windows).
Sensitivity Analyses
We evaluated the sensitivity of the mass balance model to uncertainty in PM 2.5 species size distributions. For scenario a, we calculated F for total PM 2.5 by fitting k dep values based on the size distribution for total PM 2.5 mass (i.e., the sum of the measured species). The total PM 2.5 mass size distribution was bimodal, with a smaller mode MMD near 0.08 mm and a larger mode MMD near 0.4 mm, which correspond to k dep values of 0.05 and 0.07 h À1 , respectively. Because PM 2.5 mass is not broken down by species here, we do not account for evaporative losses of nitrate with transport indoors in this calculation. To separate the effects of not accounting for the evaporative losses of nitrate and not accounting for the variability in k dep across species, we also recalculated F for scenario a, neglecting evaporative losses of nitrate. In this case, variability in k dep across species is accounted for, but nitrate is treated as non-volatile. We also evaluated the sensitivity of the model to variations in speciesspecific size distributions across season and location. Size-and speciesresolved PM 2.5 concentration data are available for only a limited number of cities and, where they are available, are generally limited in their temporal scope. Thus, it is important to evaluate how temporal and spatial variability in PM 2.5 species size distributions might contribute to uncertainty in the methods illustrated here. We recalculated F for scenarios a and d using k dep and P filter values fit based on the Fresno size distribution data in place of the New York size distribution data. We also recalculated F for scenarios a and d with k dep and P filter values fit using size distributions measured in New York during the winter. 31 Winter size distributions were analyzed in the same manner as described above. During the winter sampling campaign, particulate sulfate, nitrate, and organics had size distributions that could be characterized by a single mode with an MMD near 0.3 mm. EC and soil MMDs were held constant at the values used in the main analysis. This calculation was done for both scenarios a and d because, for the particle size ranges considered here, the filter efficiency curve is more sensitive to changes in particle diameter than the deposition-rate curve. 26 To evaluate the sensitivity of the model to uncertainty in size distribution measurement, we varied the MMD of both sulfate and nitrate between 0.5 and 0.7 mm in our calculations of F. Previous studies have reported an MMD of 0.7 mm for nitrate and sulfate size distributions when measurements are resolved to account for sampler collection efficiencies (e.g., 38, 39 ). We also considered the impact of uncertainty in EC size distributions. Notably, the AMS does not measure EC size distributions. In the main analyses, we assumed EC was represented by the smaller mode of the bimodal OC size distribution measured in New York. Here, we recalculated F for scenario a, assuming EC has the same bimodal distribution as OC, as might be expected for an air mass characterized by a mix of primary and regionally transported, aged PM 2.5 .
Uncertainty in particle size distributions also contributes to uncertainty in P j because, like deposition, the loss mechanisms that govern penetration efficiency are particle-size dependent. P j also varies with building ventilation conditions and the geometry of cracks in the building shell. 36, 40, 41 Although it is known from laboratory studies that complex crack geometry and increased roughness of crack surfaces result in lower P values, the characteristics of cracks in buildings are not well known and are likely to be highly varied within and across buildings. 36, 40 Furthermore, size-resolved measurements of P j under a variety of ventilation conditions and building characteristics are limited. As a result, there is a substantial uncertainty in P j . Chen and Zhao 36 reported that P values measured in real buildings generally range from 0.6 to 1.0 for particles in the size range considered here. Williams et al., 41 however, reported a minimum P value of 0.11 measured during the Research Triangle Park Particulate Matter Panel Study. We evaluated the effect of uncertainty in P j by calculating the change in F if P j was 0.6, 1.0, and 0.11, rather than 0.8 for all species.
RESULTS

Main Analysis
Outdoor-to-indoor transport reduced ambient PM 2.5 concentrations to roughly one-half of their outdoor values, on average, in the modeling scenarios, depending on AER, PM 2.5 composition, and air-conditioning use (Figure 3) . Variations in F due to variations in PM 2.5 composition alone and AER alone were comparable. When considering variations in PM 2.5 composition alone (i.e., comparing scenarios a--c at a fixed AER), F changed by between 7% and 32%. When considering variations in AER alone (i.e., comparing each scenario across AERs), F changed by between 13% and 22%. F was higher for the ''near-roadway'' scenario and at the ''low-income'' AER of 0.90 h À1 . F was lower for the ''high nitrate'' scenario and with AC. Notably, F was nearly a factor of two greater for the ''near-roadway'' scenario at the ''low-income'' AER (F ¼ 0.62) than for the high nitrate scenario at the ''typical'' AER (F ¼ 0.36). This suggests heterogeneity in F between low-income urban residents and high-income suburban residents in the southwestern United States, for example. The semivolatile nature of nitrate was responsible for the largest compositional effects. At an AER of 0.45 h À1 , ambient particulate nitrate indoors was only 12% of its outdoor concentration; in contrast, F was 0.67 Outdoor and indoor concentrations of ambient PM 2.5 and the fraction of outdoor PM 2.5 that penetrates and persists indoors (F) for the scenarios described in Figure 1 and Calculated values of F (Figure 3 ) are in agreement with the range of F values reported by several studies (F ¼ 0.32--0.8). 36 Sarnat et al. 42 and Lunden et al. 43 , respectively. The model showed little sensitivity to changes in k dep with variations in species-specific size distributions across season and location; it was more sensitive to changes in P filter . The overall F value for scenario (a: NE composition) did not change when k dep values fit based on the Fresno species-specific size distributions were used rather than the New York City size distributions. Similarly, F values changed by o2% when k dep values were selected on the basis of the winter New York size distributions rather than the summer values. Using Fresno size distributions in place of New York Size distributions to fit k dep and P filter for scenario d resulted in an increase in F of only about 3%, but using winter New York size distributions to fit k dep and P filter rather than summer values resulted in an increase of F of 15--17%, depending on AER.
Varying the sulfate MMD in our analysis between 0.7 and 0.5 mm changed F by o3% (F for sulfate is 0.62 assuming a MMD of 0.7 mm and 0.67 assuming a MMD of 0.5 mm, for an AER of 0.45 h À1 ). Varying the MMD for nitrate over the same range had a negligible effect on F because evaporation, not deposition, is the dominant loss mechanism. Using k dep values fit assuming EC was bimodal for scenario a had no effect on F.
F is sensitive to uncertainty in P. Varying P j between 0.6 and 1.0, the range reported by Chen and Zhao 36 , changed F by as much as 25% compared with our calculations that assumed a P j value of 0.8 for all species. A P value of 0.11, the minimum reported by Williams et al., 41 reduced F in our calculations by about 86%.
DISCUSSION
Implications for Epidemiology
Our results suggest that variability in the fraction of ambient PM 2.5 that penetrates into and persists in indoor air is a possible contributor to the observed heterogeneity in PM-mediated health effect estimates. As hypothesized, lower values of F correspond to the conditions for which lower PM-mediated effect estimates have been observed. The ''scrubbing'' of nitrate from indoortransported aerosol is a source of non-differential exposure misclassification when outdoor PM 2.5 concentrations are used as exposure surrogates. As a result, there is a greater exposure misclassification in regions where nitrate is a large and variable fraction of the PM 2.5 mass. There are large geographical differences in PM 2.5 composition across the United States, with nitrate comprising a larger and more variable fraction of ambient PM 2.5 mass in the western United States compared with the eastern United States. 44 Thus, the lower F value calculated for the southwestern United States, high nitrate scenario is consistent with the lower risk estimates for PM-associated morbidity/ mortality in the western United States. 1--4 Similarly, F was greatly reduced in our calculations by the addition of a term to account for filtration losses in air-conditioning systems. This is consistent with the lower effect estimates observed for communities with a higher prevalence of central AC. 2,20--22 Variability in airconditioning use with seasonal and meteorological conditions may also contribute to temporal heterogeneity in effect estimates.
When F is larger and less variable, ambient PM 2.5 exposures are more similar to and more highly correlated with central-site PM 2.5 concentrations. As a result, non-Berksonian error and the associated bias toward the null are smaller. We observed a higher F value for the near-roadway scenario, which is consistent with several studies that report larger risks of adverse health outcomes when PM 2.5 is enriched in primary combustion tracers 4--7 and with ''proximity to roadway'' e.g., (refs 8--11) . Although PM 2.5 components associated with primary combustion sources might be more toxic than others, our results suggest that fresh combustion particles also penetrate and persist indoors with a higher efficiency than secondary sulfate because of their smaller depositional losses. Low socioeconomic status, a predictor of susceptibility to PM-related health effects, 12 affects F because lowincome residences tend to have higher AER values and are more likely to live in close proximity to busy roadways. Our results suggest that both factors enhance exposure to ambient PM 2.5 . Note, F values were as much as 22% greater at an AER of 0.90 h À1 compared with an AER of 0.45 h À1 for the scenarios studied. Disparity in exposure misclassification, in addition to factors such as access to health care, could contribute to differences in health effect estimates for these populations.
Although the focus of this analysis was on spatial variability, parameters considered in this analysis also vary temporally. For example, AERs vary with meteorological conditions (e.g., wind, indoor-outdoor temperature difference) and home ventilation conditions (e.g., open windows versus closed windows). The physical and chemical properties of ambient PM 2.5 also vary temporally with variations in primary emissions, atmospheric stability, relative humidity, and photochemical activity. Certainly, AC use varies temporally with outdoor temperature. Thus, variability in F could contribute to exposure misclassification in time-series epidemiology, as well as to the observed geographical differences in PM-mediated health effect estimates.
Refined Exposure Surrogates This work suggests that refined exposure surrogates that account for the outdoor-to-indoor transport of PM 2.5 could reduce exposure error in PM 2.5 epidemiology. Tools for modeling indoor concentrations of ambient PM 2.5 exist, are being refined, and are being incorporated into population exposure models such as the Stochastic Human Exposure and Dose model. 45 Such models show promise for the development of exposure surrogates for epidemiology that account for modifications of ambient PM 2.5 with outdoor-to-indoor transport. This paper illustrates a method to predict the indoor concentration and composition of ambient PM 2.5 ---a method that makes use of readily available data and is computationally inexpensive. We propose that this approach could be used to provide refined exposure surrogates for population-based epidemiological analyses. In the following paragraphs, we make some recommendations for the use of this method to generate refined exposure estimates and discuss important refinements.
Our sensitivity analysis demonstrates the importance of accounting for species-specific losses in indoor air when predicting indoor concentrations of ambient PM 2.5 . Treating ambient PM 2.5 as a single entity resulted in a substantial increase in F over the calculation that accounted for differences in depositional losses across species and phase changes of nitrate. Thus, the potential benefits from use of refined exposure surrogates may not be realized if F is calculated on the basis of total PM 2.5 mass rather than PM 2.5 composition and species-resolved size distributions. Notably, particle species size distributions are not frequently measured. Most species size distribution measurements have been made during intensive sampling campaigns in remote locations for the purpose of visibility research. We expect that broad generalizations can be made about species size distributions based on source proximity and atmospheric chemistry. However, a systematic analysis backed by measurements has not been performed to support the application of the methods demonstrated here to other locations. An improved understanding of the variability of PM 2.5 species size distributions would help facilitate the use of this model elsewhere.
Our sensitivity analysis also illustrates the importance of accounting for phase changes of semivolatile species. F increased by as much as 25% when the evaporative losses of nitrate were not accounted for. A limitation of this method is that organic PM 2.5 is treated as non-volatile, when in fact it is semivolatile. 46 Sampling studies have demonstrated that phase changes of organics can impact F. Lunden et al. 43 concluded that a lower F for OC (F ¼ 0.5) than for EC (F ¼ 0.61) in an unoccupied home was because of evaporation of some particulate OM as organic gases sorbed to indoor surfaces. However, it has also been suggested that ambient OM shifts from the gas phase into the particle phase by sorption into indoor-generated PM in occupied homes. 47 This has been demonstrated for polycyclic aromatic hydrocarbons. 48 Accounting for phase changes of ambient organics with outdoorto-indoor transport to further refine ambient PM 2.5 exposure prediction is an area of future research.
Particle loss mechanisms are influenced by many factors in addition to particle size and composition, including home ventilation conditions, air flow characteristics, and building construction. 16, 23, 26, 49, 50 For example, P values are likely to differ for homes above and below the poverty line, with homes below the poverty line (which tend to be leaker) 51 having higher P values. Thus, the disparity in F values for homes above and below the poverty line could be larger than demonstrated here. It should be noted that sampling from particle size distributions to generate distributions of k dep , P, and P filter values (e.g. Monte Carlo methods) representative of each PM 2.5 species would better capture the distribution of PM 2.5 exposures over a wider range of conditions than the use of a single value for each PM 2.5 species, as done in this demonstration. We recommend this refinement when using the methods demonstrated here to generate exposure distributions. Distributions of these model parameters reflecting each PM 2.5 species size distribution (i.e., Figure 2 ) can be obtained using distributions of P, k dep , and P filter available for a range of particle sizes and under a variety of conditions (e.g., refs 16,26,50) .
Although AER values in this work were taken from the literature, AER distributions for a study population can be modeled. The Lawrence Berkeley National Laboratory (LBNL) infiltration model 52, 53 has the potential to provide AER estimates that could be used in mass balance models to generate refined estimates of exposure to ambient PM 2.5 . Currently, the LBNL infiltration model predicts AER distributions for closed (i.e., windows and doors closed) housing stock using housing-characteristics data that are readily available from sources such as the Census and American Housing Survey and meteorological data available, for example, from the National Climate Data Center. 51, 52, 54 The LBNL infiltration model must be adapted to account for natural ventilation (i.e., air flow through open windows/doors). This is an active area of research (e.g., ref. 25) . As is recommended for k dep , P, and P filter , we recommend sampling from the distribution of AERs generated with the LBNL infiltration model when calculating exposure distributions.
The method presented here does not account for exposure to ambient PM 2.5 in environments other than the home. In addition, the methods presented in this work are meant only to predict the indoor concentrations of ambient PM 2.5 in single family, detached homes. Although people do spend the majority of their time in their homes (near 70%), they also spend time in other indoor environments, outdoors, and in transit. 13 Exposure to ambient PM 2.5 in these environments also contributes to total ambient PM 2.5 exposure. Prediction of the concentrations of ambient PM 2.5 in these other environments and in multifamily residences is also needed.
Summary Implications Variability in the fraction of ambient PM 2.5 that penetrates and persists indoors can be substantial and may contribute to the observed heterogeneity in effect estimates of PM-related health outcomes. This work suggests that F is higher in close proximity to primary combustion aerosol (e.g., proximity to traffic) and with increased prevalence of poverty. F is lower when PM 2.5 is enriched in nitrate and with AC use. As a result, exposure error resulting from variability in F will be greatest when these factors have a high temporal and/or spatial variability. Analyses of the relative sizes of the temporal and spatial errors in exposure estimates are needed in order to understand which types of epidemiological study designs are more versus less affected by this type of exposure error. Certainly case-crossover designs, in which each subject acts as their own control, can avoid errors associated with location or residence, proximity to sources, socioeconomic status, and residential construction. The methods described here have the potential to reduce exposure misclassification for the study designs for which this variability is not inherently controlled for.
